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[bookmark: _Toc225179931]Abstract
Growing demand for high-quality sustainability and ESG reporting has added pressure to employ Artificial Intelligence (AI) to enhance efficiency, accuracy, and credibility. However, research on AI-driven sustainability reporting remains unsatisfactory, with many theoretical works and few empirical experiments. To fill this gap, a comprehensive and systematic review of 38 academic articles published over the past five years (2005-2025) on the application of AI in sustainability reporting, ESG reporting, carbon accounting, and sustainability accounting will be conducted as part of this thesis. The study uses a systematic literature review design, in which the authors organize the papers by research methodology, AI application, results presentation, and limitations to implementation. As the findings show, the most common examples of AI applications are the automation of data collection and processing, the simplification of the process of measuring carbon emissions, the increased timeliness and consistency of reporting, and the assistance of machine learning, natural language processing, big data analytics, and IoT-based systems to analyze the ESG disclosures. A small number of empirical studies show that reporting speed, data quality, and the utility of decisions have been increased in measurable ways. Enabling conditions are very important in determining the success of AI, and they include data readiness, governance structures, digital platforms, employee competency, and the incorporation of current accounting and reporting platforms. The audit's willingness to provide assurance and acceptance of AI-produced sustainability information is an untested matter that raises issues of credibility, transparency, and the production of digital-like sustainability reports that do not create any substantive enhancement. The paper concludes that AI has the. potential to significantly improve sustainability reporting, yet only possible under conditions of strong data. system of management, transparent procedures, and control. The gaps in the research are evident in the thesis, particularly in the areas most significant to emerging economies. Empirical studies are invited in the future to investigate SMEs and high-impact sectors, contextual moderators, and high-impact assurance practices, thereby building stronger, more generalizable research. 
Keywords: Artificial Intelligence, ESG Reporting, Sustainability Reporting, Machine Learning, Carbon Accounting, Reporting Quality, Sustainability Governance.
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[bookmark: _Toc184116090][bookmark: _Toc225179935][bookmark: _Toc184116091]CHAPTER I: INTRODUCTION
1.1 [bookmark: _Toc225179936]Background of the Study
Sustainability reporting has transformed into a much more voluntary reputation-oriented exercise, as a basic element of corporate governance, strategic decision-making, and accountability. It is now widely assumed that organizations are transparent. reports on their financial performance as well as on their environmental, social, and governance (ESG) impacts. Such a change indicates that stakeholders' expectations are increasing. Today, companies act as responsible entities and contribute to sustainable development. Consequently, reporting on sustainability is no longer an appendix to financial reports but rather part of organizational strategy, risk management, and performance measurement. 
Also, academic and professional research has started treating sustainability reporting as a part of a new accounting model. These studies will present both financial and non-financial indicators to provide a comprehensive picture of the short and long term. This holism demonstrates that sustainability reporting is a means of long-term planning, making well-informed choices, and demonstrating corporate responsibility, rather than merely achieving compliance or PR goals. To put it briefly, sustainability reporting serves as an intermediary between corporate performance and social expectations, ensuring transparency and accountability and creating value beyond financial performance.
Along with the increasing importance of sustainability reporting as both a strategy and an accountability tool, the study indicates that it also affects core accounting and firm performance. Sustainability disclosure can enhance the quality and reliability of a company's financial information, rather than being merely a voluntary or separate activity. The results of long-term and panel studies indicate that the earnings of firms that provide regular sustainability reports are more stable and predictable, thus implying that the accounting information of these firms is of high quality. (Ferreira et al., 2025). 
Other researchers document that sustainability reporting is associated with improved short-term financial performance, including higher return on assets (ROA), suggesting that including ESG information in reporting would enhance efficiency and financial performance. Nonetheless, those advantages do not necessarily manifest in market-based indices such as the Tobin Q, implying that the effect of sustainability reporting can vary depending on whether we consider accounting metrics or market prices. (Dincer et al., 2023). All in all, this has demonstrated that sustainability reporting is not merely an additional reporting to fulfill compliance or image requirements. Rather, it can be effectively combined with financial reporting procedures, enhancing the quality of accounting data and some firm-level performance results. This is in line with the overall movement toward integrated reporting, where environmental, social, and governance-related information is correlated with financial performance, and it supports the idea that non-financial reporting is becoming more central to value perception and management in firms. (Dincer et al., 2023; Ferreira et al., 2025).
Continuing the connection between sustainability reporting and improved accounting quality, recent conceptual analyses point to the increased use of Artificial Intelligence (AI) to improve ESG and carbon accounting procedures. In particular, studies of AI-based carbon accounting reveal that machine learning can be applied to various reporting operations, including data collection, processing, analysis, and assurance. Machine-learning systems can accelerate emissions measurement, enhance accuracy, and improve the scalability of ESG reporting for organizations with multiple sites, business units, or complex operations. (Oloyede et al., n.d.–b).
These papers highlight that AI reduces the need for manual data processing, enhances the effectiveness of emissions monitoring, and contributes to adherence to stricter carbon disclosure rules. AI can help organizations produce sustainability reports more quickly, with greater accuracy and completeness, by automating repetitive processes and enabling more consistent monitoring. In theory, this makes AI not only an auxiliary analytical system but also a technological system on which current ESG reporting models are based, enabling companies to integrate environmental performance more comprehensively into their strategies and accountability methodologies. (Oloyede et al., n.d.–b).
1.2 [bookmark: _Toc184116092][bookmark: _Toc225179937] Statement of the Problem
Sustainability reporting is one of the essential new elements of contemporary business. transparency, which affects long-term value generation, stakeholder confidence, and financial performance. performance and regulatory compliance. Organizations are also being requested to declare. environmental, social, and governance (ESG) indicators, in addition to financial. performance, including emissions data, energy consumption, waste production, factory regulations, business ethics, and the operations of its supply chains, into official disclosure. protocols (Pratiwi & Dasmadi, 2024; Safeei et al., 2025; Simatupang et al., 2025). Also, empirical studies of accounting evidence that sustainability reporting is associated with. quantifiable outcomes on the firm level, such as improved short-term accounting outcomes. And returns persistence (Dincer et al., 2023; Ferreira et al., 2025). Nevertheless, sustainability reporting remains an operationally challenging concept, despite its strategic value. importance. Unlike financial accounting systems, ESG data does not arise naturally between entries in the uniform book of accounts. Rather, it is based on the supplier's operating meters. invoice, contractor tickets, logistics, human resource logs, and environmental logs. Surveillance systems (Sciulli, 2009; Staniskis & Stasiskiene, 2006; Tiwari & Khan, 2020). Such data sources are usually stored in various formats and decentralized across departments. Consequently, the preparation of sustainability reports is frequently based on a manual assembly process. spreadsheets and periodic information requests, which are more likely to increase the risk of incapacity, incompleteness, and small comparability (Simatupang et al., 2025). This structural fragmentation creates credibility, traceability, and assurance readiness problems
Artificial Intelligence (AI) has been developed as a potential solution to these weaknesses. In all the reviewed literature, AI is placed as able to enhance sustainability reporting in four key ways, which include automation of ESG data collection, financial and non-financial system integration, advanced emissions and performance-driven analytics, and validation functions to assure (Mayegun & Nwanevu, 2025; Oloyede et al., n.d.–a; Safeei et al., 2025; Silitonga et al., 2024). It is also suggested that AI-powered carbon accounting platforms will accelerate, enhance, and improve adherence to the growing disclosure standards (Oloyede et al., n.d.–b). Though such allegations are made, a serious issue arises in the literature. Most of the current literature consists of theoretical, exploratory, or review-based studies rather than empirically proven ones. Despite studies noting the potential of AI to decrease reporting time, enhance data consistency, and identify anomalies (Oloyede et al., n.d.–a; Safeei et al., 2025), not many of them provide evidence-based end-to-end examples of how AI can enhance the sustainability reporting pipeline, including data acquisition, processing, and reporting. Automation, integration, analytics, and assurance are usually debated as distinct entities rather than tested as a unit in operations. Consequently, it remains unclear when AI can actually enhance the quality of reporting and when it can be used to create more technologically advanced outputs that do not improve the underlying reliability.
Also, the quality of reporting itself is measured inconsistently. Although timeliness, accuracy, and transparency are often discussed (Dincer et al., 2023; Ferreira et al., 2025)Such facets as the completeness, traceability, and robustness of audit trails are comparatively less systematically assessed. That leaves the question of whether AI-enhanced sustainability reporting can actually improve verifiability and standardization, or merely result in a look-digital report. 
The situation is even worse in developing economies. Fragmentation of data systems, low levels of digital infrastructure, low interoperability, skill deficits, and governance restrictions are repeatedly cited as key obstacles to successful AI implementation in the literature. (Simatupang et al., 2025; Yeasmin et al., 2025) According to applied carbon-accounting studies, data quality, system integration, and enterprise preparedness are critical to AI performance. (Ogunyemi, 2021). In environments where underlying data structures are weak, AI tools might produce digital-like results based on invalid input. This poses the risk that AI will raise the speed of reporting but not enhance reporting integrity. Moreover, assurance frameworks for AI-generated ESG disclosures are less developed, and professional judgment remains vital for verifying the output. (Datsenko et al., 2024).
All these concerns show that a notable research problem is that despite the vast promotion of AI as a transformative tool in sustainability reporting, the literature does not provide a unified, structured analysis of how AI functions interact, how the quality of the reporting is measured, and under which enabling conditions success is possible, especially in developing economies. Cross-context comparative evidence is scarce; there is little empirical testing of moderating variables such as data readiness and capacity to govern integrity, and a limited understanding of assurance acceptance and audit integration.
Thus, the fundamental issue considered in this thesis is not whether AI can better report on sustainability; the literature generally concurs that it can. Instead, the issue is that there is no structured, consolidated, and evidence-based synthesis that:
· Examines how AI functions operate together across the full reporting process,
· Determines the consistency in reporting-quality improvements,
· Explains the impact of enabling conditions, particularly in a developing economy, and
· Identifies where empirical validation and assurance integration remain limited.
In the absence of this systematic synthesis, sustainability reporting using AI will be a matter of debate rather than a proven, situation-specific enhancement of reporting quality.
[bookmark: _Toc225179938]1.3	Objectives of the Study
Sustainability reporting is gaining momentum to be timely, reliable, consistent, and decision-relevant. However, business organizations typically face fragmented ESG data, paper-based reporting, and an assurance conundrum. Therefore, the primary activity of this literature-based study is the summarization and critical evaluation of the opportunities of the Artificial Intelligence (AI) to add a contribution to sustainability reporting, as well as the most frequent benefits, trends, and limitations that may be outlined in the literature, particularly in emerging economies, where quality of data, infrastructure, skills, and governance conditions are not always equal. 
Specific objectives of the study are presented below:
1.	To systematize the literature.
In this study, a coding framework is used to categorize the 38 papers that are reviewed, i.e., i) data design (primary, secondary, and mixed), ii) sample construction (empirical studies with sample size stated/unclear, review studies with corpus size stated/unclear, and conceptual studies with no sample). This classification provides a simple summary of how the literature is currently organized and where the evidence base is more developed than it is less developed.
2.	To map the publication and context overview.
This paper summarizes the year and location where this research is being published by examining publication-year trends. It also tends to trace the country focus (global vs. country-specific evidence, e.g., Indonesia, Nigeria, Bangladesh, Jordan, Turkey, Romania, Portugal, etc.) to demonstrate which contexts are well-researched and which are underrepresented.
3.	To assess what the literature says regarding reporting-quality outcomes.
The proposed study seeks to determine whether these means enhance sustainability reports and, should that be the case, how they do so. It verifies what the literature indicates regarding improvements in the quality of reporting, including timeliness, consistency, completeness, and traceability. 
4. To understand how the findings relate to the emerging economies, as well as identify the conditions that must be in place to achieve successful AI-based sustainability reporting. 
This paper reviews the existing literature on AI-driven sustainability reporting in new economies. It demonstrates why adoption may be quite difficult when data is dispersed, infrastructure and systems are not well-connected, skills are constrained, costs are high, and assurance and governance are poor. It also determines what is required to ensure AI reports are reliable, such as improved data management, system integration, staff training, and strong verification controls. 

5.	To create an evidence-based framework out of the papers reviewed.
Lastly, the present study will make recommendations on a clear framework that relates (a) the application of AI in sustainability reporting (automation, integration, analysis, and assurance, including ESG AI, carbon AI, and digital accounting tools), (b) the reporting outcomes that AI can enhance (speed, accuracy, credibility, and decision-usefulness), and (c) the primary conditions that condition success (data quality, system integration, infrastructure, skills, and governance). The framework is grounded in patterns common across the 38 papers and can inform future studies and practical applications.
[bookmark: _Toc184116094][bookmark: _Toc225179939]1.4 Scope and Limitations of the Study
Scope of the Study:
The proposed research paper seeks to apply a systematic literature-based research design to investigate the role of Artificial Intelligence (AI) in supporting sustainability reporting, particularly within the environmental, social, and governance (ESG) framework of disclosure and carbon accounting. It is narrowed down to a systematic review, classification, and thematic synthesis of 38 selected academic papers directly related to AI-enabled sustainability, digital accounting transformation, carbon measurement, green accounting, ESG automation, and AI-related governance.
The analysis focuses on four fundamental AI functions that are repeated in the literature that has been analyzed:
1.	CSR data collection and reporting processes, including machine learning and natural language processing to extract structured and unstructured data, are automated (Mayegun & Nwanevu, 2025; Oloyede et al., n.d.–a).
2.	Smart Financial and Non-Financial Cyber Systems, which entails cross-departmentalization of accounting data, operations data, and environmental data (Safeei et al., 2025; Silitonga et al., 2024; Simatupang et al., 2025).
3.	High-tech analytics and predictive technologies, especially in carbon accounting and emissions measurement, were designed to enhance managerial decision-making and environmental social responsibility (Alqahtani, 2023; Oloyede et al., n.d.–b).
4.	Assurance-based validation and anomaly detection, which facilitates data quality assurance, credibility, and reliability of reporting (Oloyede et al., n.d.–a; Simatupang et al., 2025).
The data's geographical coverage spans international and country-specific research across the 38-paper dataset; in terms of analysis, the focus is on emerging economies, where infrastructure maturity, governance systems, and data readiness might vary widely. These nonverbal signs help us, to the greatest extent, understand what we are saying when we come into contact with others. It conducts a study to map patterns in publication, methodology, geographical focus, and thematic focus, providing a systematic perspective on the field's current development. (Mujiani, 2023). 
Limitations of the Study:
Despite its systematic design, this study is subject to several limitations.
First, the research is limited to a corpus of 38 selected academic papers. While the selection was based on relevance and academic quality, it does not represent the entire universe of AI and sustainability reporting research.  According to bibliometric mapping, the research field is growing rapidly (Mujiani, 2023), implying that more research may be published outside the scope of this review. Second, a substantial proportion of the reviewed literature is conceptual, review-based, exploratory, or prototype-oriented rather than longitudinal empirical. Even though some studies have firm-level or panel-based findings of sustainability reporting as being connected to accounting performance (Dincer et al., 2023; Ferreira et al., 2025), others that address AI have addressed the topic of technological possibilities instead of operational systems that have been proven to be entirely valid (Mayegun & Nwanevu, 2025; Safeei et al., 2025). Consequently, the causal statements about the quantifiable effect of AI on the quality of reporting should be treated with caution. Third, there is a limited set of end-to-end empirical demonstrations of complete ESG reporting pipelines. Although much has been said about automation, integration, analytics, and assurance (Oloyede et al., n.d.–a; Simatupang et al., 2025), some studies reveal how the components work in a fully implemented organization-wide system. This obstructs the confirmation of whether the AI enhancements can be applied throughout the reporting lifecycle. Fourth, reporting-quality dimensions are not consistently operationalized across studies. One of them is efficiency and timeliness (Oloyede et al., n.d.–a), another is digital transformation and integration (Silitonga et al., 2024), and the others are governance and ethical issues (Yeasmin et al., 2025). The absence of standard measurement systems limits the quantitative comparability and formal meta-analysis. Fifth, the evidence on emerging economies remains fragmented. Although governance, infrastructure, and data-readiness constraints are repeatedly acknowledged (Simatupang et al., 2025; Yeasmin et al., 2025), comparative cross-country or sector-based empirical testing is limited. This reduces the ability to determine which contextual barriers have the strongest moderating effect on AI implementation outcomes. Sixth, AI itself introduces sustainability trade-offs. Research on sustainable AI shows that large-scale model development and computational infrastructure increase energy consumption and carbon emissions (Wu et al., 2022). These lifecycle impacts, however, are not quantified in any accounting measure in many of the reviewed papers. Thus, the research recognizes the impact of AI on the environment, but it cannot offer the full environmental price.
Lastly, the dynamically changing regulatory and technological conditions affecting ESG reporting and AI innovation can affect the future applicability of certain results. The conclusions represent the state of academic knowledge in the chosen time frame, but are not the ultimate or exhaustive assessment.
1.5 [bookmark: _Toc184116095][bookmark: _Toc225179940]Definition of Key Terms
Artificial Intelligence (AI): Artificial Intelligence is the use of computer systems that employ machine learning, natural language processing, data analytics, and algorithmic modeling to automate processes, analyze large datasets, identify patterns, and assist with decision-making. In this research, AI is a digital tool used to automate, integrate, and improve sustainability reporting, both analytically and for validation.
Sustainability Reporting: The systematic reporting of Environmental, Social, and Governance (ESG) metrics. performance of an organization, together with financial reports. It covers the emissions reporting, energy usage, resource utilization, labor standards, system of governance, and other non-financial performance measures.
Environmental, Social, and Governance (ESG): ESG refers to the three central dimensions used to evaluate sustainability performance:
· Environmental (e.g., emissions, energy, water, waste),
· Social (e.g., labor practices, safety, community impact), and
· Governance (e.g., board structure, ethics, compliance systems).
Carbon Accounting: Carbon accounting is the process of measuring, calculating, and reporting greenhouse gas emissions generated by an organization’s activities. In this study, carbon accounting includes AI-supported emissions tracking and automated measurement systems.
Automation (of Sustainability Reporting): Automation is a concept that uses AI to automatically collect, extract, organize, and process ESG-related data, both structured and unstructured, without human intervention, saving time on reporting.
Integration (System Integration): Integration is the process of harmonizing and integrating financial accounting systems, operational systems, and ESG data sources into a single reporting system. It improves data comparability and allows consistency across departments.
Advanced Analytics: Advanced analytics are AI-based data analysis tools, such as predictive modeling, anomaly detection, and pattern recognition, that derive insights beyond descriptive reporting.
Assurance (in Sustainability Reporting): Assurance is the process of verifying the reliability, accuracy, completeness, and credibility of sustainability data. In this study, AI-supported assurance includes automated error detection, anomaly identification, and audit-trail support, while recognizing the continued role of professional judgment.
Reporting Quality: Reporting quality is a general term for the reliability and utility of sustainability disclosures. In this thesis, the quality of reporting entails accuracy, consistency, completeness, timeliness, traceability (audit trail), credibility, transparency, comparability, and decision-usefulness.
Traceability (Audit Trail): Traceability means that reported ESG figures can be traced to their data sources and that the data's origin, processing, and changes are captured.
Enabling Conditions: Situational factors that determine AI's efficiency in sustainability reporting. They consist of data preparedness, system interoperability, infrastructure quality, professional competencies, governance systems, and assurance systems in this study.
Emerging Economies: States with emerging institutional settings, evolving regulatory conditions, and varying degrees of digital infrastructure development. In this paper, the emerging economies are discussed as the environment in which AI-based sustainability reporting can be subject to structural limitations.
Sustainable AI: Sustainable AI refers to considering AI systems’ environmental impacts, including energy consumption, carbon emissions, and lifecycle effects, within discussions of sustainability accounting and reporting.
Digital Accounting Transformation: Digital accounting transformation is the process of introducing AI, digital technology, and automated applications into conventional accounting and reporting systems, thereby redefining how financial and non-financial information is gathered, processed, and reported.
1.6 [bookmark: _Toc184116096][bookmark: _Toc225179941] Organization of the Remaining Chapter
Four other chapters follow this introductory chapter in the research document that address various aspects of the systematic literature review.
Chapter II: Review of the Literature: It reviews 38 selected academic studies. The chapter reviews the current literature on the uses of AI in sustainability reporting, ESG disclosure, carbon accounting, digital accounting change, governance mechanisms, and assurance issues. It separates the key themes into automation, system integration, advanced analytics, reporting quality, enabling conditions, and implementation barriers. The missing points in the literature and the conceptual framework that the study will follow are also outlined in the chapter.
Chapter III: Research Methods describes the approach that was used in this thesis. It explains the design of the systematic literature review, the plan for sample selection, the criteria for inclusion and exclusion, the data collection procedure, and the analytical plan. The chapter provides the coding, classification, and synthesis of the 38 papers to ensure transparency and academic rigor. 
Chapter IV: Research Findings and Analysis. The patterns in thematics, impediments to implementation, the quality of reporting, assurance concerns, the differences between the developed and emerging economies, and their consequences on performance are all addressed. The impacts of AI functions on the quality of sustainability reporting are explained in terms of some enabling conditions on the conceptual framework.
Chapter V: Discussion explains the findings in relation to the research objectives. It also draws general conclusions, determines theoretical and practical implications, defines the scope of future research, and provides well-coherent recommendations to organizations, regulators, assurance bodies, and researchers. In this chapter, the following aspects of providing AI-based sustainability reporting are identified as the most significant: governance, data maturity, integration, and assurance.
Generally, the thesis transitions from its conceptual undertone to the methodological exposition, the empirical synthesis, the analysis, and the practical recommendations, rendering it logical and understandable to the level of scholarly rigor.

[bookmark: _Toc184116097][bookmark: _Toc225179942]CHAPTER II: REVIEW OF THE LITERATURE
2.1 [bookmark: _Toc184116099][bookmark: _Toc225179943]Literature Survey 
Extensive and increasing evidence has investigated the correlation between artificial intelligence and sustainability reporting. The literature reviewed can be divided into several themes: AI in sustainability accounting, AI in carbon accounting and ESG reporting, digital accounting systems for sustainability, and the limitations and challenges of using AI. According to several studies, AI technologies can enhance the effectiveness and precision of sustainability reporting processes. As an illustration, machine learning and big data analytics can process large volumes of environmental data and identify patterns related to emissions, energy use, and environmental outcomes. (Mayegun & Nwanevu, 2025; Safeei et al., 2025).
The AI can also be used to collect and process sustainability information. Information on sustainability is typically gathered from various operational sources, such as energy meters, supplier databases, environmental surveillance systems, and production history. This data is time-consuming and easily compromised because it is typically gathered manually. Automatically, with the help of AI systems, one can find the required information; this will save time on reporting and increase data integrity. (Necula et al., 2025; Ogunyemi, 2021). There is one more important area of research: the AI-based carbon accounting system. Carbon accounting refers to the measurement of the amount of greenhouse gases emitted by the activities of an organization. Now, AI systems can process large volumes of operational data and are more accurate at predicting emissions than manual processes. These systems also detect anomalies or abnormalities in emission patterns, thereby enhancing transparency and compliance with regulations. (Alqahtani, 2023). Another fact cited in certain studies is the importance of the Internet of Things (IoT) technologies to sustainability reporting. IoT devices can collect real-time environmental data using environmental sensors, smart meters, and monitoring systems. These technologies will also allow organizations to continue monitoring environmental performance and develop more accurate sustainability reports when used alongside AI systems. (Susanti et al., 2024). Studies have also examined the relationship between sustainability reporting and firms' performance. In accordance with certain empirical research, sustainability reporting could enhance the quality of accounting information and financial performance. To provide an example, a research study suggested that the sustainability reporting may be associated with increased earnings persistence and accounting transparency (Ferreira et al., 2025). Similar results are reported in other research, which finds positive relationships between sustainability reporting and short-term financial performance indicators such as return on assets (ROA) (Dincer et al., 2023).
Although the above has advantages, the literature also suggests that AI-based sustainability reporting has several challenges and limitations. Data quality is a problem. Artificial intelligence applications require accurate, properly structured data. The sustainability reports produced by AI may contain inaccurate information if the data used to formulate them is incomplete or inconsistent (Ogunyemi, 2021). The other barrier concerns organizational potential and infrastructure. Implementation of AI systems is linked to a high level of technological investment and the presence of capable employees. Some companies, particularly those in the new economy, lack the technical expertise and infrastructure to implement high-level AI systems (Olaoye et al., 2025; Onyeka, 2024). The other area that scholars focus on is AI-related ethical and governance issues. The algorithms used in AI are prone to bias or yield results that are difficult to interpret. Without the right systems of governance, AI systems can reduce transparency rather than enhance it (de Villiers et al., 2024). In addition, researchers have noted that assurance and auditability are other serious concerns. Although AI systems can produce sustainability reports quickly, the information provided should be verified by external auditors. Different scholars hold the view that the current system of assurances is not yet ready to support information produced by AI (Simatupang et al., 2025).
Altogether, the literature suggests that AI can undoubtedly transform how sustainability is reported by enhancing automation, integration, and data analysis, and improving reporting efficiency. However, successful implementation will be achieved only with well-developed data systems, a strong human resources base, effective regulatory frameworks, and efficient governance.
2.2 [bookmark: _Toc184116100][bookmark: _Toc225179944]Research Question Development 

Based on the literature review, the study identified research questions to answer to generate meaningful and impactful insights.
RQ1: What are some of the AI technologies that are applied to sustainability reporting?
The literature demonstrates that several AI technologies apply to sustainability reporting. The most prevalent are machine learning (ML), natural language processing (NLP), big data analytics, cloud systems, and Internet of Things (IoT). Those technologies help organizations manage large volumes of sustainability data, analyze ESG reporting, and automate environmental data collection. (Mayegun & Nwanevu, 2025; Ogunyemi, 2021; Susanti et al., 2024).
RQ2: How can AI be used in sustainability reporting?
Automating data collection, carbon emissions monitoring, ESG disclosure analysis, and sustainability decision-making are key applications of AI. With artificial intelligence, data can be collected from multiple sources within an organization to estimate emissions and plan sustainability data. This saves labor and improves the reporting. (Alqahtani, 2023; Safeei et al., 2025).
RQ3: What are the advantages of AI in sustainability reporting?
The literature mentions several benefits of AI in sustainability reporting. AI can enhance reporting, improve accuracy, and enhance transparency and decision-making. It is backed by automated systems that detect errors and provide ESG data to support a more cohesive organization. In general, the quantum calculator model's ability to perform these two operations enables a learner to acquire proficiency and excel at calculating various fractions. Overall, the quantum calculator model's ability to perform these two tasks can help a learner develop skills and become more effective at calculating different fractions.
RQ4: What are the challenges of using AI to make sustainability reports?
Some of the challenges are provided in the literature. The most common issues are poor data quality, high implementation costs, limited technical expertise, and difficulties integrating AI with existing systems. It is also feared that AI systems will be biased, lack transparency, and pose ethical risks (de Villiers et al., 2024; Nicola-Gavrilă et al., 2025).
RQ5: What is the impact of AI on the sustainability reporting quality?
Sustainability reports can be more accurate, timely, transparent, and traceable with the help of AI. Automated data processing eliminates errors and enables organizations to deliver reports faster. Nevertheless, the quality of reporting remains dependent on solid data governance and validation systems (Ogunyemi, 2021; Safeei et al., 2025).
RQ6: What are the research gaps in the literature?
There are several research gaps in the literature. Most studies are theoretical rather than practical, and there is a need for more practical tests. The study also has less literature on emerging economies and small companies, and far fewer studies focus on the auditability and assurance of AI-generated sustainability data. (de Villiers et al., 2024; Olaoye et al., 2025).









[bookmark: _Toc184116101][bookmark: _Toc225179945]CHAPTER III: RESEARCH METHODS
[bookmark: _Toc225179946][bookmark: _Toc184116102]3.1 Research Design
This paper uses a systematic literature review (SLR) to discuss the role of Artificial Intelligence (AI) in sustainability reporting. The research analyses and synthesizes the results of 38 selected scholarly articles on AI, ESG reporting, carbon accounting, and digital accounting transformation, rather than gathering primary data through surveys or experiments.
A systematic literature review is suitable when a research area is in the development stage, and the available literature is widely distributed across various themes and research areas. The use of AI in sustainability reporting remains a relatively new and fragmented research area. (Mujiani, 2023; Safeei et al., 2025). The studies are aimed at automation. (Mayegun & Nwanevu, 2025), Others discuss system integration and digital transformation (Silitonga et al., 2024; Simatupang et al., 2025), and some delve into carbon accounting and ESG analytics (Alqahtani, 2023; Oloyede et al., n.d.–b). In this respect, a systematic review assists in organizing and critically evaluating the available knowledge, given the diversity.
This research design is aimed at:
· Determine the use of AI in sustainability reporting.
· Examine whether AI improves reporting quality
· Examine the enabling conditions that have an impact on AI effectiveness.
· Establish research gaps and limitations of the existing literature.
The analysis is both qualitative and thematic, with descriptive mapping. The reviewed papers are categorized using thematic analysis by AI functions (automation, integration, analytics, and assurance) and by reporting outcomes. The trends observed through descriptive mapping include those in publication and methodological approaches. (Mujiani, 2023).
Contextual differences are also taken into consideration by the research design, particularly when comparing the developed and emerging economies. Some of the reviewed articles highlight the influence of infrastructure preparedness, governance mechanisms, and data quality on AI implementation. (Ogunyemi, 2021; Simatupang et al., 2025; Yeasmin et al., 2025). Thus, the paper assesses AI as a technology that is effective only under certain enabling conditions.
Notably, the AI systems are not tested in this study. Rather, it assesses the discussion, application, and validation of AI in the contemporary academic literature. There is empirical evidence on the relationship between sustainability reporting and financial performance (Dincer et al., 2023; Ferreira et al., 2025), whereas other works are empirical (Mayegun & Nwanevu, 2025; Safeei et al., 2025). The research design will enable making a comparison between the conceptual claims and empirical findings.
Finally, the study builds a conceptual framework that integrates the AI functions, reporting quality dimensions, and enabling conditions. This framework is based on systemic synthesis and not individual interpretation.
[bookmark: _Toc225179947][bookmark: _Toc184116103]3.2 Sample 
The research sample will consist of 38 peer-reviewed academic articles, selected and evaluated systematically. The articles have been chosen for their direct address of the relationships among Artificial Intelligence (AI), sustainability reporting, Environmental and Social Governance (ESG) disclosure, carbon accounting, the digital accounting revolution, and AI-driven governance systems.
The selection of these 38 studies was based on the fact that they would analyze only academically rigorous studies directly pertinent to the purpose of this thesis. The chosen articles are conceptual, case study, systematic literature review, and empirical studies. This diversity will allow one to compare theoretically justified arguments (Mayegun & Nwanevu, 2025; Safeei et al., 2025) and the empirical data on the quality of reporting and firm performance (Dincer et al., 2023; Ferreira et al., 2025). 
The sample consists of developed and developing economies. The focus is on the literature that addresses infrastructure preparedness, the capacity to govern, and implementation issues in emerging markets (Ogunyemi, 2021; Simatupang et al., 2025; Yeasmin et al., 2025). This makes the findings assessable in the other contextual settings but not considered as universal.
The selection was made by clear inclusion/exclusion criteria, which promoted transparency and consistency. They were used to select the final sample of high-achieving students.

Table 1: Inclusion & Exclusion Criteria  
	
Inclusion criteria
	
Exclusion criteria

	
Focuses on AI/digital technologies in sustainability reporting, ESG reporting, sustainability accounting, carbon accounting, or integrated reporting. 

	
Papers only about sustainability in general, without a reporting/accounting link.

	
Peer-reviewed journal articles, reputable conference papers, or credible working papers (e.g., SSRN). 
	
Opinion blogs, non-academic sources, duplicates 

	
Clear relevance to accounting/reporting or reporting systems (not only general “AI sustainability” unless linked to reporting/accounting) 

	Papers without enough accessible information to extract core fields (method, findings, limitations) 


[bookmark: _Toc225179948][bookmark: _Toc184116105]3.3 Data Collection 
Database used: Google Scholar. Google Scholar was used because it provides broad coverage, including: 
· Journal articles 
· Conference papers 
· SSRN preprints 
· Multidisciplinary work combining accounting, AI, and ESG 
The most important information after the selection of the final 38 papers is inputted into a structured table (literature review table). This action will be relevant to ensure that studies are compared consistently. In each paper, information was extracted:
· Paper title, authors, year 
· Journal name and quality indicator (quartile if available) 
· Country (if the study is country-based) 
· Nature of the study 
· Sample and data source 
· Methods used 
· Variables used (dependent and independent) when applicable 
· Key findings 
· Limitations 
This extraction table is the primary “dataset” for analysis. Once extraction was completed, the methods, findings, and limitations of the fields were repeated across papers to minimize transcription error and ensure that each paper was coded under the correct category (e.g., conceptual vs. empirical). 
3.4 [bookmark: _Toc184116106][bookmark: _Toc225179949] Data Analysis Plan 
As the research contains mixed papers (conceptual, empirical, and case/prototype), a single statistical meta-analysis is not appropriate. Instead, the thesis uses two complementary analysis methods: 
1. Evidence mapping (Descriptive Synthesis): Evidence mapping is a systematic method of research to organize and summarize a body of research by coding characteristics like method, type of data, country, research design, limitations, and quartile index, and presenting the distribution to appear as what the literature does well, and what the literature does not cover. Coding is used to classify the 38 papers, indicating that the research area is novel yet rapidly developing. The evidence is not properly structured: numerous articles elaborate on concepts and frameworks, but few put AI to the test on real data. Of studies that test with data, most employ (1) surveys, (2) a small number of case studies/prototypes, and only (3) a few studies employ strong company datasets (panel/archival data). Similar AI applications, including NLP-based ESG text extraction, ML to predict emissions, IoT to retrieve data in real time, and dashboards, are discussed in most papers. However, the question of the acceptance and adoption of AI in audit/assurance and in practice within companies remains under-researched. This section provides a general overview of the research area. 
2. Thematic Synthesis: Thematic synthesis is the procedure of bringing together the results of many research studies and determining the common ideas, categorizing them into themes, and creating a coherent summary of what is in the literature on the themes. The key findings of 38 papers are set into core categories such as 
· ESG AI (automation, reporting quality, compliance support) 
· Carbon AI (emissions measurement, forecasting, carbon accounting systems) 
· Green Accounting (environmental cost integration, accounting frameworks) 
· Digital Accounting (cloud/ERP digitization enabling sustainability reporting) 
· IoT Reporting (sensor-based monitoring, feeding accounting/reporting) 
· AI Footprint (energy, carbon cost of AI itself; LCA perspective) 
· AI Ethics (bias, transparency, accountability, privacy, governance) 
These categories show the main research areas in the 38 papers on AI and sustainability reporting. 
[bookmark: _Toc225179950]CHAPTER IV: RESEARCH FINDINGS & ANALYSIS

	Data Design Category
	No. of papers based on Data Design
	Percentage

	Primary
	5
	13%

	Secondary
	23
	61%

	Mixed
	10
	26%

	Total
	38
	100%





Table 2: Number of Papers based on Research Data Design










Figure 1:  Percentage of papers in each Data Design Category
Table 2 and Figure 1 show that a significant portion of this study is based on secondary data, with 23 papers accounting for 61% of the total. The majority of the reviewed papers use secondary data sources such as existing literature, reports, and previously available datasets rather than collecting new information.  This could be because primary data, including internal ESG systems, AI models, and audit files, is confidential and time-consuming to collect. A second most significant portion of this study, with 10 papers representing 26% of the total, was the mixed-methods study. It indicates that a significant portion of researchers recognize that secondary evidence alone can be incomplete or inconsistent, so to obtain proper results, it is important to combine it with primary data, such as surveys, interviews, or experiments, which can strengthen credibility through triangulation. Finally, only 5 papers representing 13% of the total use primary data. The reason could be that collecting primary data is complex and costly, as it requires obtaining permissions and approvals to access a company’s confidential data, and takes time to obtain.
Overall, this pattern shows that the field is currently more evidence-using than evidence-producing, with mixed approaches serving as a bridge to a stronger empirical foundation. 

	Sample Construction category
	No. of Papers based on Sample Type
	Percentage

	Empirical 
(N stated)
	15
	39%

	Empirical 
(N unclear)
	5
	13%

	Review 
(corpus N stated)
	6
	16%

	Review 
(corpus N unclear)
	6
	16%

	Conceptual (no sample)
	6
	16%

	Total
	38
	100%


Table 3: Number of Papers based on Sample Construction Category



















Figure 2: Percentage of papers in each type of Sample Category

Table 3 and Figure 5 column chart show that, with 20 papers (15 Empirical with N stated and 5 Empirical with N unclear), representing 52% of the total, the empirical category is the dominant one. It indicates that more than half of the literature is based on primary evidence or data sets. Also, this empirical class further reveals a subdivision based on the sample size's articulateness: 15 papers (39 percent of the total) explicitly indicate the sample size by stating the number of participants/companies involved, which enhances transparency and trust. The remaining 5 empirical articles, which constitute 13 percent of the sample, lack sample sizes, undermining confidence and complicating the investigation and application of the results.  The second-most dominant category, based on the review, comprises 12 papers, accounting for 32 percent of the total. Once again, there is a separation in the review-based papers.6 papers, representing 16% of the total stated corpus N, make these papers more transparent, auditable, and credible. In contrast, 6 papers, or 16 of the total, failed to mention corpus N; thus, these papers were less credible and more biased, as one cannot tell from them the review's coverage or selectivity. Finally, the third and last broad category is the conceptual category, with 6 papers representing 16% of the total. It indicates that 16% of the studies focus on building theories and frameworks rather than collecting new data. These papers use logical arguments and available literature to describe ideas and present models without defining sample sizes.

	Empirical (N stated) Category (n= No. of Participants/Company)
	No. of papers based on the empirical sample-size distribution
	Percentage

	2–5
	2
	13%

	6–10
	1
	7%

	11–20
	1
	7%

	21–50
	4
	27%

	51–100
	1
	7%

	101–200
	3
	20%

	>200
	3
	20%

	Total
	15
	100%


Table 4: Number of Papers based on Empirical Category









Figure 3: Percentage of papers in each Empirical Sample Size Distribution
Table 4 and Figure 3 show that most studies fall within the medium-to-large N range, especially 21-50, with 4 papers representing 27% of the total, and above 100, with 6 papers representing 40% of the total. It usually indicates that the studies can support more stable and generalizable conclusions. Small-N empirical studies exist but are not dominant, meaning the evidence base is not primarily built on tiny samples. 
	Review corpus size category (N = No. of documents)
	No. of papers based on Review corpus size category
	Percentage

	0–50
	3
	50%

	50–100
	1
	17%

	>100
	2
	33%

	Total
	6
	100%



Table 5: Number of Papers based on Review corpus size category








Figure 4: Percentage of papers in each Review Category
According to Table 5 and Figure 4, the majority of studies fall within the smaller range of 0-50, with 3 papers accounting for half of the total. It generally implies that the studies are narrower/narrower, but they do not necessarily cover the entire field and may overlook some valuable studies. The only paper that fell in the 50-100 range accounted for 17 percent of the total, indicating that moderately sized papers are not widespread in the dataset. Lastly, 2 papers fit in the 100 range, which constitutes 33 percent of the total. A comprehensive review of the sample paper has a low risk of missing significant studies.
On the whole, the sample building is an integrated set of empirical, review-based, and conceptual studies. The vast majority use a clear sample or a collection of documents; however, not all explicitly report this, which diminishes transparency.

	Year
	No. of papers based on Year
	Percentage

	2025
	15
	39%

	2024
	10
	26%

	2023
	5
	13%

	2022
	1
	3%

	2021
	1
	3%

	2020
	1
	3%

	2009
	1
	3%

	2005
	1
	3%

	Year not stated
	3
	8%

	Total
	38
	100%


Table 6: Number of Papers based on Year












Foundation phase



Figure 5: Percentage of papers in each Year
Table 6 and Figure 5 show an upward trend and intense concentration in the most recent years. In 2025, there were 15 papers representing 39% of the total, and in 2024, there were 10 papers representing 26% of the total. Together, they represent 65% of the total, indicating the topic has gained significant ground in the last two years. In 2023, the number of papers dropped sharply to 5, representing 13% of the total; from 2020 to 2022, the contribution was only 1 paper, representing 3% of the total. There are also a small number of much older papers, from 2005 and 2009. Both have only one paper, representing only 3% of the total. These papers are more likely to serve as foundation/ early reference points than to represent the current direction of the field. The 2005 paper describes that most companies conceal environmental costs in ordinary overhead, so managers cannot determine how much money is wasted on waste, unnecessary water use, and material waste. The paper claims that EMA is the solution to this by tracing the material/energy flows and associating them to costs to enable firms to observe the true cost of waste and make superior decisions, the 2009 research provides the IT basis of managing this kind of information based on cloud-based systems: the 2020-2025 literature uses cloud-based accounting to gather, analyze and report sustainability/ESG data faster and more transparently. The reason the papers 2020-2025 are from a contemporary/rapid-growth period is this. Lastly, 3 articles do not specify the year of publication, which is a weakness of the reporting sources, as it complicates the evaluation of the trend. 
Overall, the pattern clearly shows a rapidly expanding, currently active research area with only a small foundational phase supporting the study. 




	Geographic Scope of Studies
	No. of papers based on 
Geographic Scope
	Percentage

	Global scope
	21
	55%

	Single-country scope
	16
	42%

	Cross-national / Regional scope
	1
	3%

	Total
	38
	100%



Table 7: Number of Papers based on Geographic Scope










Figure 6: Percentage of papers in each Geographic Scope
Table 7 and Figure 6 pie chart show that more than half of the studies fall into the global scope category, with 21 papers representing 55% of the total, indicating that they discuss the topic in a general or international context without focusing on any one specific country. Then, a good number of papers use a single country scope, with 16 papers representing 42% of the total. It indicates that many studies examine the issue in specific national contexts, including Indonesia, Nigeria, India, Bangladesh, Ukraine, Lithuania, Romania, Portugal, Australia, Italy, Jordan, and Turkey. Finally, only a very small number of studies adopt a cross-national/regional scope, indicating that they compare or discuss more than one country/region, such as the USA and Europe.
Overall, the literature is dominated by global-level discussions, supported by a strong base of country-focused studies, while regional work was very limited.

	Reporting Quality Outcome
Category
	No. of papers based on Reporting 
Quality Outcome

	Timeliness
	21

	Accuracy
	20

	Decision-usefulness
	19

	Transparency + comparability
	18

	Credibility/assurance readiness
	17

	Completeness
	7

	Consistency
	6

	Traceability/audit trail
	6


Table 8: Number of Papers based on Reporting Quality Outcome
Table 8 presents the reporting quality outcomes, indicating whether sustainability reporting is only faster or also dependable, verifiable, and actionable.
As indicated in the review, AI is associated with the quality of sustainability reporting in various aspects, including accuracy, consistency, completeness, timeliness, traceability/audit trail, credibility/assurance preparedness, transparency, comparability, and decision usefulness. These assertions, however, are stronger depending on the method and data design. When research employs qualified data and sound procedures, that is, a clear sample and appropriate analysis, the claim becomes more credible than that of conceptual or poorly developed research. Precision is related to minimizing error. AI can analyze the absence of records, values, unit incompatibility, and abnormal deviations, and minimize human error, such as manual entry, through automation. Nevertheless, precision increases with input accuracy because the AI can identify anomalies but cannot fully rectify data that is initially unmeasured or unrecorded. To illustrate, (Ugwuodo et al., 2024) acknowledge the presence of data quality issues as one of the main barriers to implementation; the article notes that AI-based environmental/ESG accounting can improve precision, but when the underlying data is questionable, inconsistent, or lacks a governance mechanism, the results will be limited. In addition, (Johnson et al., n.d.) Also, name data quality problems are a typical challenge (along with integration and cost). This substantiates the fact that AI may enhance reporting performance, yet accuracy remains contingent on the reliability and quality of the input data. 
There is uniformity, as the same standards are used across the board. To avoid situations where teams tend to compute ESG numbers differently, digital systems and AI may impose standard definitions of metrics, templates, units, and check rules; all involved should use the same definitions and check rules. Nevertheless, this is only effective in cases where there is good governance; in the scenario where there is no entity of shared data, which a single dictionary and each KPI does not have an owner, there are chances that the system will merely be creating the appearance that the data is consistent, as opposed to actually being consistent. According to (Zik-Rullahi & Jide, 2023)KPIs are applied (e.g., emissions, energy, waste), and inconsistent practices are noted due to poorly applied standards, posing a risk of greenwashing. This proves the argument that consistency is pegged to clear KPI definitions and monitoring discipline, rather than to reporting activity. According to (Simatupang et al., 2025) AI will enhance the quality of reporting by standardizing ESG data processes (such as automation, validation, and integration of financial and non-financial information). Another issue highlighted in the paper is AI governance risks (bias, readiness gaps, insufficient assurance), suggesting that consistency cannot be achieved solely through digital tools; clear rules and controls are also important. 
Completeness is enhanced when ESG data is adequately incorporated into the departments and systems. With a data connection and fewer indicators omitted, reporting can be applied to more sites, more periods, and more aspects of the value chain. Nonetheless, completeness remains a question because the data is measured and documented by the organization (in terms of meters, logs, supplier reports, HR/EHS records), and some individuals are to submit it. Without these basics, the system will be unable to generate the data; hence, the same information will be absent, albeit in a more organized form. According to (R et al., 2025), AI-enabled ESG systems enhance the quality of reports by improving timeliness and comparability and streamlining ESG data processing. The logic of the paper suggests that when ESG data is systematized across functions (accounting + ESG), reporting will be more comprehensive, since in manual, separate workflows, pertinent ESG items are likely to be overlooked. 
Timeliness is enhanced when ESG work is automated, and systems are interconnected. When the system can automatically extract data, verify it, and structure it, organizations will be able to update ESG metrics and prevent last-minute delays caused by spreadsheets collected from various departments. Nonetheless, this only works well when data is recorded regularly; reporting will remain slow when departments report late or intermittently. (Ogunyemi, 2021) The reduction in measurable time after implementing an ML/NLP-based carbon accounting framework (carbon reporting time is significantly reduced in organizations). This supports the assertion that the automated extraction and processing pipelines have a shorter cycle time than manual compilation across units. As (Susanti et al., 2024) A prototype is an automated tracking of environmental data before (every 30 seconds) and the display of this information in a dashboard, which confirms that automated data capture and related storage are conducive to near-real-time updates rather than periodic manual ones.
Traceability and audit trails are enhanced when the system tracks the entire history of the data. An effective ESG system would provide the origin of each number, the computations performed (e.g., emission factors or unit conversions), the authorizing party, and the date of the change. This simplifies verifying the figures and puts an end to arguments about the correct number to use. Traceability becomes more vulnerable when individuals are manually manipulating numbers, or they are working with uncontrolled spreadsheets, or they are applying opaque calculations, since you cannot trace a reported number back to its place of origin. It is suggested that the system of sustainability reporting must be designed to be auditor-ready (i.e., with evidence trails, such as calibration records and chain-of-custody logic) so that reported ESG numbers can be traced back to their source. 
Credibility and assurance readiness signify that it is sound enough to be trusted by auditors, regulators, or even investors. This is easy when the audit trails of an organization are clear, the controls are well established, the retention mechanisms are in place, and the numbers are saved. However, AI can generate results more quickly. However, even in cases of poor governance and control or inaccessible source data, the auditors cannot be sure they are checking or approving the figures. According to (Dina Rajendra, 2025), reporting systems need to be audit-ready and to maintain clear evidence trails (e.g., sensor calibration records and chain-of-custody record-type logs). The article suggests that credibility should be based on verifiable documents rather than on the results of automated processes.
Transparency and comparability are enhanced when reporting is properly organized and documented. Using standardization to describe the process will allow easier calculation of each ESG figure and consistent results over time, unlike other businesses. Nevertheless, transparency can be reduced when the AI is used as a black box, with the model's assumptions not presented. Hence, transparency in full disclosure needs not just automation but explanations, written assumptions, and consistent notes in the report. (de Villiers et al., 2024) directly reflect the so-called black box warning: When the keys to the kingdom cannot be explained, full disclosure is imperative, and the design of AI systems must include governance and an accountability policy.
Decision usefulness is how the report will help people make decisions, rather than just reading data. A good, sustainable report must illustrate the organization's objectives, situations, and priorities, as well as the trade-offs that can influence its performance. AI can assist in this by finding patterns and providing early warnings, but none of that will be useful until the results become confirmed, properly handled, and put into practice; otherwise, it will just be information without any empirical effect. Discusses monitoring in real-time and predictive emissions forecasting (Ogunyemi, 2023); helps make decisions more useful by enabling companies to know more about drivers and tracks in the future (conceptual/case-based framing). 
In general, studies have found that AI improves the quality of reporting in a controlled data management and verification system. Nevertheless, when governance and controls are frail, AI will not necessarily make results more reliable or easier to assure, but it will deliver results more quickly and appear much better.













Figure 7: Percentage of papers in each Reporting Quality Outcome Category
Figure 7: The horizontal bar chart shows that timeliness, accuracy, decision usefulness, transparency/comparability, and credibility/assurance readiness are the most common outcomes. This means that the literature is primarily focusing on making the sustainability reporting process quicker, more accurate, more efficient, and more reliable. That is, researchers are working to improve reporting to enable organizations to generate ESG information quickly, minimize errors, simplify the explanation of numbers for comparison, and provide evidence that auditors and other stakeholders can trust. Also, the trend might signify that the sphere is moving away from sustainability storytelling and toward data-based reporting that is both decision-supportive and verifiable. The lowest is in its turn completeness, consistency, and traceability/audit trail, which means that less focus is put on ensuring that the report is complete, that it is calculated constantly everywhere, and that it can be proved with the help of an audit trail that shows where all numbers have been obtained and where and how they were changed. This shows that a key gap is that the sphere is not yet extensively standardized in terms of data coverage, and that it cannot be tracked for auditing purposes.
Overall, it can be suggested that the literature framework shows that companies are placing a focus on the development of rapid and brief sustainability reports, and the supporting structures, namely completeness, consistency in calculations, and proper audit trails, are not as elaborate and require further research and practices.
Implications for Emerging Economies (Bangladesh, India, Nigeria, etc.):
Implications for emerging economies explain how the findings apply in practice, including the opportunities and challenges they will face when using AI for sustainability reporting. 
1.	Benefits exist, but they are uneven without baseline capability.
AI and digital tools can improve sustainability reporting; make it faster, reduce errors, and help analyze it, but not every organization will get the same benefit because the result depends on whether the company has the basic foundation in the first place including reliable data collection, basic digital system, standard definitions of KPI units and boundaries, governance, ownership, and verification practice. If an organization lacks these basics, AI may still produce reports more quickly and more clearly. However, the numbers can remain incomplete, inconsistent, or unverified because AI cannot generate missing data or correct poor measurements. That is why benefits are uneven, depending on a company’s basic foundation. (Nicola-Gavrilă et al., 2025) show that, even with cloud-based accounting, sustainability accounting results differ across sectors because some sectors have higher digital maturity and more resources than others. This means a “one-size-fits-all” approach will not work equally well and will create uneven benefits. (Tiwari & Khan, 2020) explain that improvements in sustainability reporting happen step by step: higher Industry 4.0/digital maturity leads to stronger reporting capability. So, in low-maturity settings, the benefits come more slowly and may be only partial.
2.	Infrastructure and skills constraints are first-order bottlenecks.
Basic infrastructure that is required to gather and transfer ESG data, including consistent and reliable internet and electricity, computers/servers/cloud access, an integrated system rather than interspersed spreadsheets, tools to measure energy, water, waste, etc. (meters, sensors, logs), and secure storage and rudimentary cybersecurity can be called infrastructure constraints. Without this information, the system will fail to organize. Organizations are unable to gather ESG information and therefore fail to obtain it. The groups are compelled to use email and spreadsheets to assemble reports, which makes delays and mistakes more common; besides, it is hard to trace the origin of each number or to maintain supporting documentation. Conversely, skill constraint is defined as the ability of the people to operate and manage ESG reporting, e.g., the staff that comprehends ESG measurements and reporting structures, data manipulation expertise such as cleaning, validation, standardization, and capability to use electronic tools, AI skills to process findings, and not to trust unquestioningly assurance or audit skills to document evidence and preserve audit trial records. Without these skills, sustainability reporting can still happen, though it is typically not accurate, consistent, or easy to validate, despite the availability of software. The staff will be unfamiliar with ESG definitions and the regulations governing their calculations. It will thus have the same KPI measured in various ways across departments, within a mixed department/unit, or may be missing an important field or incorrectly filled. Data management teams without data management skills struggle to clean, validate, and reconcile datasets, leading to errors and duplications in final numbers. The absence of technical competencies also leads to poor management of dashboards and integration tools, workflow interruptions, and delayed updates. Above all, companies with poor governance and guarantee capabilities do not record evidence, audit trails, or interventions and approvals, and thus, external parties cannot have confidence in the figures or be certain that the information is accurate. According to (Olaoye et al., 2025), the adoption of AI could have low direct performance, with the quality of implementation limited by infrastructure and skill shortages. As (Budiandru et al., 2025) point out, technology-based accounting has the potential to enhance transparency/accuracy, but its high cost and skill constraints make it inapplicable, particularly in smaller companies.

3.	Integrations are more challenging with outdated systems and weak interoperability.
Integration is more difficult when the companies use old systems that were not made to be compatible with other systems. The data in outdated systems is in outdated formats, has no API, only exports a few fields, and must be downloaded manually. Consequently, ESG data cannot be automatically transferred across operations, HR, procurement, and finance, and recorded in a single reporting system. The manual extraction and re-entry then follow, resulting in time loss and mistakes. Weak interoperability poses a challenge to data exchange due to heterogeneous data formats and standards across systems. This can be recorded in various ways across different platforms because the systems might use different field names, store data in different formats, and organize data differently. E.g., one system will call a specified facility Plant A; another will use a code PL-A-01, making it hard to match records automatically. Units may change (e.g., kWh vs. MWh), dates may change, and categories cannot be the same (one unit may use one definition of training hours, while another may use a different definition). Thus, data migrations can also involve more mapping, cleanup, and reconciliation, and even a small change in one system can break the connection. This makes integration slow, error-prone, and difficult to maintain, thereby compromising the integrity and reliability of sustainability reporting. The case supporting the deployment of AI-enabled systems to fill the gaps between sources, unify formats, and provide traceability is that integration requirements can only be met by integrating the systems, which is not always achievable in a disjointed system. (R et al., 2025). As (Ogunyemi, 2021) shows that the implementation of automated data pipelines and integration is hindered by legacy systems, interoperability issues, and weak infrastructure. In conclusion, the idea of systems aligns with the concept of integration, but integration is an organizational issue regarding how people define, work with, and own ESG information. It cannot be just a technical issue of software connection.
4.	Assurance and credibility pressures rise faster than audit capability.
Today, the demand for trustworthy, verifiable sustainability reporting is increasing as rapidly as many organizations' ability to properly verify their ESG values. In practice, stakeholders have insisted that ESG disclosures be credible, as they may affect investment decisions, reputations, and regulatory scrutiny. That puts a lot of pressure on companies to present reports that appear professional and congruent. Simultaneously, not all companies are presently in a position to provide the internal audit capabilities and controls, as well as the evidence that is required to sustain such a degree of verification. ESG data are frequently multi-departmental, contain estimates and external data (particularly Scope 3), and are gathered manually, lacking a clear audit trail. Companies can issue sustainability reports. They might, however, have some difficulty demonstrating the origin of the numbers, the method of their computation, their authorization, and their justification, in case reporting grows at an even faster rate than the audit can keep up.  Such a distance poses a risk of errors, poor assurance results, and credibility issues. Nevertheless, the organization's audit preparedness and governance systems remain behind. (de Villiers et al., 2024) explain that they can pose accountability risks when stakeholders cannot know how the outputs were generated.
Overall, people want ESG reports they can trust and verify, but many companies are not yet able to properly audit their data. So, reporting is improving faster than the ability to prove the numbers are correct. 
5.	Risk of “digital-looking” sustainability reports without real improvement.
Among all the implications, one constant question is whether AI may make sustainability reporting look more professional, with more dashboards, faster compilation, and more matrices, but this is not always going to lead to improved reporting quality. They might appear professional and data-driven, but they may be incomplete, inconsistent, and on weak evidence because the organization has not strengthened the basis of ESG reporting. This is primarily the case when digital tools are incorporated into weak data practices. As an illustration, when ESG data is still being gathered in spreadsheets or via email, or when sites use other definitions of the same KPI, the system is merely summing bad inputs. At that, automation can make things faster, but the results can appear homogeneous. The fact remains that it is not a guarantee of accuracy, completeness, and comparability. To make it worse, the fact that digital systems can make inconsistent data appear consistent by showing it on the same dashboard hides the problems rather than addressing them. There can be no credibility or certainty that our boat is equally affected by the same issue; an online report might lack a definitive audit trail of how the different figures were sourced, who endorsed them, and what underpins them. Unless the numbers are controlled, documented, and verified, stakeholders cannot trust them, and the organization will not receive an improved presentation or reliability (de Villiers et al., 2024). Directly address AI biases and accountability in sustainability accounting and finance. They state that AI may produce results that appear objective while also introducing systemic, human, or statistical bias, leading to accountability failures when results are not transparent and ethically controlled. This is one of the straight roads to digital-looking reports that are not necessarily credible.
In a word, the report becomes digitally smooth, yet actual enhancements also ensue when the company reinforces measurement, standard definitions, data governance, and audit-ready processes.
Enabling conditions
Enabling conditions are the fundamental conditions that must be in place to produce a sustainability report that is correct, comparable, complete, traceable, and credible, not necessarily more rapid or attractive. 
Condition 1: Ability to find all necessary data and capture the necessary information effectively.
Even the slightest advancement in reporting made with the help of AI presupposes that an organization has a crude yet dependable technique for measuring and recording ESG information in its regular form. In simple terms, you just need reliable inputs, i.e., energy bills or meter reads, fuel and travel documentation, waste documentation, HR and safety documentation, and supplier data, which should also be entered in the same format monthly or quarterly. This also means well-defined data fields, basic templates, and shared, agreed-upon units (so that similar metrics are not recorded inconsistently across teams). Without consistent or complete data capture, AI will not produce better reporting; it will only work faster with bad data. Stable capture, thus, offers the least ground for concerns about completeness, accuracy, and credible sustainability reporting. The implication of (Tiwari & Khan, 2020) is that the benefit increases with existing digital maturity and stable systems. There are asymmetric results in (Nicola-Gavrilă et al., 2025), with sector-level readiness varying across sectors. According to (Olaoye et al., 2025), poor infrastructure and expertise undermine the quality of implementation, thereby compromising the value of AI products.
Enabling condition 2: Pre-automation governance + standard definitions + KPI ownership.
Before attempting to automate anything, an organization should first agree on what each ESG metric entails and who is responsible for it. This will involve a common data dictionary (definitions, units, boundaries, calculation rules) and identified KPI owners who will ensure that data is submitted promptly, verified, and rectified whenever inconsistencies emerge. In the absence of this governance, automation may render unstructured data to appear homogenous. Standardization and traceability are advocated by (R et al., 2025) as the major advantages of integrated AI-enabled systems (but these need to be governed). (Simatupang et al., 2025) support the importance of organizational readiness and governance in ensuring the reliability of analytical output. (de Villiers et al., 2025) support the need for accountability/explanation frameworks to mitigate the risk of the black box.
Enabling condition 3: Interoperable integration architecture (systems + pipelines)
An organization must have systems that integrate and transfer information across departments easily. ESG reporting typically requires contributions from finance, HR, procurement, operations, and EHS. Therefore, the company requires an integration pipeline (connectors/APIs, shared databases, or reporting platforms) that can pull data, properly match fields, and use a single source of truth. If systems do not connect, reporting remains manual, slow, and error-prone. (Ogunyemi, 2021) categorically embraces the idea that legacy systems and low interoperability are obstacles to AI pipelines and integrated reporting.
Enabling condition 4: Skills development + ability to implement.
The organization should have individuals capable of operating ESG reporting properly, both technically and conceptually. The teams require ESG knowledge (what to measure and why), data skills (data cleaning, validation, and interpretation), and digital/AI skills (how to use the tools and understand their limitations). Implementation capacity is also adequate staffing, time, and budget to support systems and enhance processes, not to install tools once. It can be seen that skills gaps limit improvements in transparency and accuracy (Budiandru et al., 2025). The direct effects of AI are constrained by infrastructure/skills gaps, as (Olaoye et al., 2025) demonstrate. It is (Nicola-Gavrilă et al., 2025) in support of the idea that unequal sector results are caused by differences in resource capacity.
Enabling condition 5: Audit-ready evidence trails and assurance alignment.
The reporting process should provide evidence that the figures are accurate and verifiable. The organization should have audit trails that provide information on the origin of every metric, the calculations performed, the individuals who made amendments, and supporting documents (documents, logs, system records). Building reports in a manner that assures auditors/assurance providers will test them to enhance credibility, not merely to obtain quicker and smoother results, is known as assurance alignment (de Villiers et al., 2024). Assurance alignment supports the idea that accountability risk increases when outputs are not transparent/explainable. (Simatupang et al., 2025) support the ongoing restrictions on assurance frameworks, bias controls, and preparedness. Use traceability and structured change records to enhance reliability (R et al., 2025).


[bookmark: _Toc184116108][bookmark: _Toc225179951]CHAPTER V: DISCUSSION
5.1 [bookmark: _Toc184116109][bookmark: _Toc225179952]Conclusions
The thesis examined the contribution of AI to sustainability reporting and the conditions for producing credible and meaningful change. A systematic review of 38 scholarly articles allows one to make several important conclusions.
1.  Implementation barrier is central, not secondary
Among the most significant findings is that implementation barriers are not just operational; they are major factors that will give a clear indication of whether AI can improve sustainability reporting. The limitations that were most frequently mentioned in the literature are:
· Low-quality data and unavailable data.
· Poor definitions of ESG.
· Inconsistent KPIs
· High implementation costs
· Inadequate organizational potential and skills.
· Problem with assimilation into the old system.
· Infrastructure constraints, especially in developing countries.
It has been proven that AI does not necessarily address the reporting weaknesses. Instead, it depends on the maturity and already existing data governance structures. It may also happen that AI amplifies the error instead of fixing it in instances where systems have missing or conflicting information.
Also, implementing AI complicates an organization. Models of governance, monitoring, explainability, cybersecurity, and change management in companies that need to be controlled exist. These additional functions might require the incompetence of sustainability teams, which have yet to develop crude ESG reporting frameworks.
Consequently, AI will have the power to expand the performance gap between digitally mature and less mature organizations. Established firms with well-developed infrastructure and governance may find AI extremely useful, whereas less established firms may be overwhelmed by the need to meet minimum ESG reporting standards. This attribute of inequality is particularly important given the asymmetry in the geography literature: developed economies are overrepresented relative to emerging markets.
2. The biggest issues left open are Trust, Credibility, and assurance.
The other important conclusion is regarding trust and credibility. Most of the reviewed literature claims that AI positively influences sustainability reporting by improving traceability, anomaly detection, and data validation. Nevertheless, AI offerings regarding sustainability outputs are assessed with almost no reviews and with no foreseeable audits or certification measures.
The literature often asserts that AI averts greenwashing, yet seldom puts credibility to the test in a way that is most compelling to investors, regulators, and assurance providers like:
· Checking with the reporting standards.
· Consistent evidence trails
· Reproducibility
· Acceptance in the audit practice.
Thus, the assurance step is the most significant unaddressed question in AI-based sustainability reporting. AI can create advanced, digital-looking reports, but unless it has audit-ready data pipelines, an understandable model logic, governance controls, and correspondence with accepted reporting standards, such reports are open to poor inputs and poor verification.
To conclude, AI enhances process efficiency more consistently than it enhances verified credibility.


3. The Effect of Performance is Conditional.
Less empirical research has examined whether sustainability reporting is linked to higher accounting quality, as measured by earnings persistence or return on assets. There is still mixed evidence, however, as to market-based solutions such as firm valuation.
On the whole, the literature is more convincing that AI can enhance reporting processes and data management than it can enhance the firm-level financial performance. Performance appears to have a context-dependent effect on sector attributes, regulation, investor interpretation, and measurement methods.
Thus, the existing evidence base does not support general statements that AI-based ESG reporting improves financial performance.
4. The Field Has to Change Potential to Proof.
It is concluded that the sphere is evolving rapidly, particularly over the past few years. Nonetheless, it is also highly one-sided toward AI's potential rather than its effectiveness. Many studies investigate capabilities in an abstract sense; less emphasis is placed on practical application, longitudinal outcomes, and audit adoption.
The further work must be aimed at developing an effective and valid influence, based on proven data systems, standardized measures of reporting quality, preparedness for assurance, and testing across diverse settings. 
In short, AI can be an effective tool for sustainability reporting. Nonetheless, the maturity of the data shall determine its real influence, the quality of governance, the potency of integration, the ethical parameters, and the assurance mechanisms.
In brief, AI can be a strong instrument for sustainability reporting. However, the maturity of the data will determine its actual impact, the quality of governance, the strength of integration, the ethical parameters, and the mechanisms of assurance.

5.2 [bookmark: _Toc184116110][bookmark: _Toc225179953]Scope for Future Study
The review outlines key directions for future research.
i. Not only are conceptual claims necessary, but more empirical studies are needed.
The 38 review articles are largely conceptual; more empirical studies should be included. Future studies will need to have more discussion on real testing requirements. The researchers will also be invited to test the AI-based tools on actual company data, directly compare the AI-generated report with the one prepared manually, and assess the quality of the resulting report using unmistakable measures of accuracy, completeness, comparability, and timeliness.
ii. Long-term effect to be assessed in the long run.
Most of the analyzed articles are short-term in nature; hence, future researchers should investigate AI in the long term, not only short-term results. They must know the extent to which AI is transforming sustainability reporting into a more sustainable decision-making approach and improving sustainability performance, rather than just the appearance and speed of the reporting.
iii. 	Further exploration of new markets and non-elite areas. 
The majority of the research focuses on the environment of developed countries and larger, better-equipped companies. Meanwhile, the indicators for emerging economies suggest that smaller organizations remain confined. Future scholars must hence go into the new markets and the non-elite to determine whether AI-enhanced sustainability reporting can be applied in worse data infrastructure, regulatory strain, and technology capacity. This will allow the findings to be more generalizable and contribute to the creation of AI reporting tools and governance models applicable across various economic environments.

iv.	Research moderators that define AI success. 
The majority of the paper states that AI works, but it seldom tests it in cases where it works best. In this way, the study of moderators, such as data quality governance maturity, digital infrastructure, and staff capacity, is recommended to future researchers to evaluate their impact on AIS reporting quality.
v.	Greater emphasis on assurance, acceptance, and auditability. 
A significant number of articles state that AI can reduce grain washing. However, fewer papers. These throw actual assurance into the testing phase; thus, future researchers are advised to pay more attention to the very question of whether auditors accept AI-based ESG reporting and whether it can be properly verified. They are also supposed to look at how auditors review AI-generated ESG numbers, what evidence and documentation are needed to be assured, and which control frameworks would render AI-supported reporting more credible.
5.3 [bookmark: _Toc184116111][bookmark: _Toc225179954] Recommendations 
Based on the 38 reviewed papers, the recommendations for the thesis can be written in 2 practical layers: 
1. Recommendations for organizations and practitioners
2. Recommendations for regulators/standard setters and assurance bodies
This is because reviews consistently show that AI can improve sustainability reporting, but robust databases, governance, and verification systems are needed.
1.	Recommendations for organizations and practitioners: 
It is important because it translates research findings into clear actions that the company can actually implement. They help firms avoid common mistakes and focus on the right foundations, such as data systems, governance, and assurance. Also, achieve credible sustainability reporting rather than faster-moving, unreliable reports.
i.	Start with “data readiness” before AI 
Most papers show that AI improves sustainability reporting only when databases are error-free and reliable. So, it is important to build a minimum data foundation, such as defining ESG data sources (fuel use, energy bill, procurement, supplier data), standardize data formats, units, and time period, improve data completeness because missing values are a major reporting weakness, and lastly create a single internal source for internal ESG data. 
ii.	 Build strong KPI definitions and ownership 
The analyzed literature has emphasized that inconsistent definitions of ESG are the main cause of unreliable reporting. Therefore, organizations are recommended to make KPIs always clear on scope, unit, method of calculation, data source, reporting period, ownership, so that one can easily know who will be involved in data collection, quality checks, and the resolution of inconsistencies, etc. 
iii.	Use AI first for “automation + error detection,” then for advanced analytics
AI should be used first to automate data collection and reporting tasks and detect errors (missing values, incorrect units, unusual spikes), and only after the data is stable and trusted should AI be used for advanced analytics such as forecasting, scenario analysis, risk detection, and decision support.
iv.	Integrate AI with existing accounting/ERP systems 
AI should be integrated with the company’s existing systems, such as ERP/accounting software, environmental monitoring (IoT), and reporting dashboards. AI projects often fail because AI remains separate from real accounting work, reducing manual data entry and errors and making it easier to trace each ESG number back to its source.
v.	Establish AI governance to reduce bias, errors, and greenwashing risk 
To prevent bias, errors, and the risk of greenwashing, companies should establish AI governance. Because AI can copy problems from the data and produce outputs that confident organizations should document, each model should include what it is, what data it uses, and its limits. Also, they should include a human review step to validate results before reporting, along with bias checks.
vi.	Make reporting “assurance-ready” from day one 
Prepare reporting with assurance-ready. In the system design, ensure that all ESG numbers are verifiable. Numerous publications emphasize that AI outputs in the ESG area are not sufficiently verified. Thus, organizations are to establish effective evidence trails by tracing the origin of each number and line of its processing (source → steps → final metric), saving the calculations files and model outputs, and maintaining a record of the changes made, approvals, and versioning. This renders the report more acceptable in the present and considerably simpler to obtain third-party confirmation in the future.
vii.	Invest in skills and cross-functional capability
Many studies report the skill gap as a significant issue in successful AI-based sustainability reporting. Investments in skills and cross-functional capabilities should therefore be made in organizations. They need to create an accountant-sustainability and data and AI team to read metrics, adhere to standards, and create and maintain models and data pipelines, respectively. Finally, the internal auditor and compliance team will develop and certify outputs, support assurance, and help ensure that reports are accurate, consistent, and credible, not just automated.
2.	Recommendations for regulators/standard setters and assurance bodies:
i.	Unify the definition of ESG and digital reporting formats. 
Numerous articles demonstrate that inconsistency is a significant source of low-quality ESG reporting; therefore, it is relevant to standardize the meanings of ESG and digital reporting formats. The regulators and the setters of standards need to harmonize the key frames so that more uniform rules guide corporations. They are also supposed to facilitate the use of digital taxonomies to enable the sharing, comparison, and verification of ESG information.
ii.	Direct sustainability reporting Guide AI transparency. 
It has been demonstrated in the ethics and bias literature that trust is conditional on knowledge of and validation of how AI outputs were generated. This is why the AI transparency rule should be implemented. Companies are required to describe clearly how the AI reached its results, provide a list of key assumptions and emission factors applied, and be transparent with everyone in the report, including where the AI was applied and what it did.
iii.	Revise assurance of AI-based ESG reporting. 
Most of the reviewed papers indicate that reporting is being automated at a faster rate compared to checking and verification. Assurance B will have to develop an accurate AI-based ESG numbers audit approach that includes an approximate traceability test to verify data origin and any alterations, and establish rudimentary validation principles for automated carbon and emissions tools to address this issue. In so doing, it will be able to make its reports more credible and will avoid greenwashing.
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Table 9: Number of papers based on Country:
	Country Category
	No. of papers based on the country

	Global 
	21

	Indonesia
	4

	Nigeria
	2

	India
	1

	Bangladesh
	1

	Ukraine
	1

	Lithuania
	1

	Romania
	1

	Portugal
	1

	Australia
	1

	Italy
	1

	USA and Europe
	1

	Jordan
	1

	Turkey
	1

	Total
	38
















Table 10: Journal name of each paper
	Journal Name 
	No. of papers based on Journal Name

	Research Journal of Financial 
Sustainability Reporting
	1

	Finance & Accounting Research Journal
	1

	International Journal of Multidisciplinary 
Research In Science, Engineering and Technology (IJMRSET)
	1

	International Journal of Computer 
Applications Technology and Research (IJCATR)
	1

	Journal of Cleaner Production
	2

	International Journal of Science and 
Research Archive (IJSRA)
	1

	Journal of Accounting and Financial 
Management
	1

	Journal of Business Strategy and the 
Environment
	1

	JAF (JOURNAL OF ACCOUNTING AND FINANCE) 
	1

	Interconnection: An Economic Perspective Horizon Online
	2

	Sustainability Accounting, Management 
and Policy Journal
	1

	International Journal on Science and 
Technology (IJSAT)
	1

	FUDMA Journal of Accounting and 
Finance Research (FUJAFR)
	1

	Journal of Hunan University (Natural Sciences)
	1

	International Journal of Academic Research in 
Accounting, Finance & Management Sciences (IJARAFMS)
	1

	International Journal of Experimental 
Research and Review (IJERR)
	1

	The Accounting Journal of BINANIAGA
	1

	Journal of Business and Digital Leadership (JBDL)
	1

	Jurnal Terapan Ilmu Ekonomi, Manajemen dan Bisnis (JTIEMB)
	1

	Challenges in Sustainability
	1

	Cogent Business & Management
	1

	Asian Journal of Finance & Accounting
	1

	Journal of Global Responsibility
	1

	West Science Accounting and Finance
	1

	GSC Advanced Research and Reviews
	1

	ECONOMICS - Innovative and Economic Research Journal
	1

	Sustainability (MDPI)
	1

	Not Journal
	9



No. of papers based on Data Design

No. of papers based on Data Design	
Primary	Secondary	Mixed	5	23	10	

PERCENTAGE IN EACH CATEGORY

Percentage	
Empirical (N stated)	Empirical (N unclear)	Review (corpus N stated)	Review (corpus N unclear)	Conceptual (no sample)	0.39473684210526316	0.13157894736842105	0.15789473684210525	0.15789473684210525	0.15789473684210525	

PERCENTAGE IN EACH CATEGORY

Percentage	
2–5	6–10	11–20	21–50	51–100	101–200	>	200	0.13333333333333333	6.6666666666666666E-2	6.6666666666666666E-2	0.26666666666666666	6.6666666666666666E-2	0.2	0.2	


No. of papers based on Review corpus size category

No. of papers based on Review corpus size category	



0–50	50–100	>	100	3	1	2	

PERCENTAGE OF PAPERS IN EACH CATEGORY

Percentage	
2025	2024	2023	2022	2021	2020	2009	2005	Year not stated	0.39473684210526316	0.26315789473684209	0.13157894736842105	2.6315789473684209E-2	2.6315789473684209E-2	2.6315789473684209E-2	2.6315789473684209E-2	2.6315789473684209E-2	7.8947368421052627E-2	

No. of papers based on Geographic Scope

No. of papers based on 
Geographic Scope	
Global scope	Single-country scope	Cross-national / Regional scope	21	16	1	

No. of papers based on Reporting 
Quality Outcome

No. of papers based on Reporting 
Quality Outcome	
Timeliness 	Accuracy 	Decision-usefulness	Transparency + comparability 	Credibility / assurance readiness 	Completeness	Consistency 	Traceability / audit trail 	21	20	19	18	17	7	6	6	
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